Microcystic macular edema (MME) is a term used to describe pseudocystic spaces in the inner nuclear layer (INL) of the human retina. It has been noted in multiple sclerosis (MS) as well as a variety of other diseases. The processes that lead to MME formation and their change over time have yet to be explained su ciently. The low rate at which MME occurs within such diverse patient groups makes the identification and consistent quantification of this pathology important for developing patient-specific prognoses. MME is observed in optical coherence tomography (OCT) scans of the retina as changes in light reflectivity in a pattern suggestive of fluid accumulations called pseudocysts. Pseudocysts can be readily identified in higher signal-to-noise ratio (SNR) images, however pseudocysts can be indistinguishable from noise in lower SNR scans. In this work, we expand upon our earlier MME identification methods on Spectralis OCT scans to handle lower quality Cirrus OCT scans. Our approach uses a random forest classifier, trained on manual segmentation of ten subjects, to automatically detect MME. The algorithm has a true positive rate for MME identification of 0.95 and a Dice score of 0.79. We include a preliminary longitudinal study of three patients over four to five years to explore the longitudinal changes of MME. The patients with relapsing-remitting MS and neuromyelitis optica appear to have dynamic pseudocyst volumes, while the MME volume appears stable in the one patient with primary progressive MS.
INTRODUCTION
Microcystic macular edema (MME) is a pathology of the retina whereby pseudocysts, or small hyporeflective cystic spaces, appear predominately within the inner nuclear layer (INL). MME has been observed in approximately 5% of patients with multiple sclerosis (MS) 1, 2 and has been discovered in a variety of other patient groups 3 such as age-related macular degeneration, neuromyelitis optica (NMO), and diabetic retinopathy; 4, 5 some reports suggest a relationship with Müller cell dysfunction. 3 Although we cannot currently predict the occurrence of MME over the progression of disease, it has been found to occur more often in patients with greater disease severity. In MS patients, MME was shown to be associated with greater patient disability and a higher rate of disease progression.
2 Obtaining a deeper understanding of both the underlying mechanisms and the implications of MME are crucial since it presents itself to such a broad range of patient groups at an unknown stage of disease. A lack of understanding of the formation and course of MME over time also necessitates further analysis on longitudinal data of patients with MME.
Optical coherence tomography (OCT) provides a powerful diagnostic tool for exploring various retinal pathologies including MME. Near-infrared light from the OCT scanner penetrates retinal layers at the back of the eye, and detects backscattered light to create an image of the various retinal layers. An example of the appearance of MME in a B-scan (slice of an OCT image) can be seen in Fig. 1(a) .
In our previous work, 6, 7 we used a pixel classification approach to segment MME from images acquired from a Heidelberg Spectralis scanner. In this work, we use a similar approach on a Zeiss Cirrus scanner. The Spectralis has far superior image quality as each B-scan is generated by averaging multiple images of the same location, with the resulting scans having signal-to-noise ratios (SNR) in the range of 20 dB to 38 dB and typical means of 30 dB. In contrast, a B-scan from a Cirrus scanner is the product of a single sweep of the OCT scanner and has an SNR range of 20 dB to 26 dB, 8 with a mean of 23 dB. Examples of both can be seen in Figs. 1(a) and 1(b). Most of the current literature on MME analyzes only the Spectralis data because it is more di cult to distinguish MME on Cirrus data. Developing a method to quantify MME on Cirrus images would be a very important step forward for the usefulness and application of our detection method, enabling a large step forward in our understanding of MME.
We have enhanced our MME identification algorithm with an added denoising approach for the lower SNR data, as well as modifying the features used in the classifier. These additions have lead to a true-positive pseudocyst identification rate of 0.95 and a Dice score of 0.79. Despite the decrease in SNR, this work shows great improvement from our previous work, which had a true-positive pseudocyst identification rate of 0.85 on better quality data. Additionally, the algorithm can di↵erentiate between MME and non-MME subjects on the Cirrus data, thus providing an important classification tool.
Finally, we include a preliminary pilot longitudinal study of three patients to explore the stability of MME in di↵erent groups over time. Analyzing MME longitudinally could lead to improved understanding of the nature of MME in relation to disease severity providing insight about causes of pseudocyst formation. Comparing MME across these patients with di↵erent diagnoses could lead to insight about how MME formation can be characterized between di↵erent conditions. Figure 2 : B-scans of MME subjects with signal strengths of (a) 7 and (b) 10 
METHODS

Intensity Normalization and Denoising
Before running the MME data through the classifier, the intensities were normalized to make both the pseudocyst and background intensities more uniform between subjects. The Cirrus scanner outputs a measure of the signal strength (SS) of the data which directly correlates to the intensity of the tissues (lower signal strength means lower intensity). Generally, scans are labeled as "high-quality scans" if they fall within a SS of 7-10 (out of 10). show this quality di↵erence. The amount of noise and the intensity di↵erence between a SS of 7 and SS of 10 vastly a↵ects what both a manual rater and the algorithm classify as a cyst. Since there was much uncertainty in manual segmentation for scans with SS < 9 due to the amount of noise present, only SS of 9 and 10 were included in our study. Fortunately, out of a selection of 277 scans from 48 subjects, only 49 scans (18%) had SS below 9.
To further compensate for signal strength, a scalar correction factor was applied across the entire volume to bring the SS-dependent intensities closer together. This correction factor was computed based on the average INL intensity across multiple subjects for the two SS levels in our data (SS = 9 or 10) where the INL was delineated using an automated layer segmentation algorithm.
10 As a final step towards intensity normalization, a previously described robust contrast stretching method was used to normalize each B-scan independently.
10
Next, we filtered the data to enhance the MME appearance by using a median filter (17⇥17 µm kernel size) followed by a bilateral filter ( d = 125 µm, r = 0.1). Together, these filters act to reduce the noise while enhancing the edges of the pseudocysts. An example OCT image before and after applying these filters can be seen in Fig. 1(b) and Fig. 1(c) .
These intensity normalization and denoising techniques, which are more comprehensive and robust than our previous method applied to Spectralis images, 6, 7 are needed due to the lower SNR of the Cirrus images. Enforcing similar intensities for images across di↵erent patients, particularly in the INL, and reducing the level of noise are not only important for the algorithm to detect pseudocysts in the noisier Cirrus images, but also for consistent manual segmentation.
MME Classification
For the detection of pseudocysts in Cirrus images, we chose to use a random forest classifier (RFC), which shows accurate performance when compared to other algorithms despite its simplicity, and has successfully been used for segmentation in our previous OCT-related work. 6, 7, 10 In total, the RFC uses 50 trained decision trees based on the response of 14 features, described in Sec. 2.2.1, from manual segmentation data. Utilizing the trained RFC, each decision tree independently uses the set of features computed at each pixel of a new image to classify the pixel as either pseudocyst or background. The collection of tree outputs is then combined using a majority vote to ultimately decide the pixel classification.
Features
The RFC utilized 14 features to classify MME pixels. The first feature is the proportional distance along each A-scan between the outer boundaries of the retina, the inner limiting membrane (ILM) and Bruch's membrane (BrM), found as described in Lang et al. 10 As mentioned previously, we found that all of the MME pixels lie between 45% and 90% of the distance from the BrM to ILM and later use this fact to restrict the search space of the algorithm. The next 12 features are composed of the intensity, gradient magnitude, and Laplacian of Gaussian filtered at four di↵erent scales (0, 5, 10, 15 µm). Finally, we use the SS as a feature to help account for any intensity di↵erences not corrected for by the normalization.
Although many of these features are similar to the features selected for our previous work with Spectralis images, we focus more on intensity for the Cirrus data. Morphological operators are not used due to the vast amount of noise present in B-scans. The intensity, gradient magnitude, and Laplacian of Gaussian are each utilized at four di↵erent scales to maximize analysis of intensity di↵erence between the cyst and the background, as opposed to random intensity di↵erences present due to noise. In our previous work, a measure similar to SS was not used with the Spectralis data because the provided measure of signal quality does not correlate well with changes in the appearance of pseudocysts.
Classifier Training
The classifier was trained on ten MME subjects in addition to two volumes from healthy control (HC) subjects, one with SS = 9 and the other SS = 10. The accuracy of the algorithm increased as more MME subjects were added to the training, but when > 10 MME subjects were included the algorithm took much longer and did not show a noticeable increase in accuracy. The two HC volumes were included to aid in prevention of false positives (FP) in other images.
All pseudocyst pixels were included for training, and 20% of non-pseudocyst pixels within 45% and 90% of the retina distance from the BrM to the ILM were sampled. This range of 45% to 90% was used because all of the manual segmentation fell within 51% to 87% of the distance from the BrM to the ILM.
RESULTS
Pseudocyst Detection
OCT scans were obtained on a Zeiss Cirrus scanner (Carl Zeiss Meditec Inc., Dublin, CA), which imaged a 6⇥6 mm area of the macula. Scans of ten subjects with MME were acquired with 128 B-scans and 512 A-scans per B-scan. Half of the subject's scans had a SS of 9 and half had a SS of 10. Manual segmentation of the pseudocysts was performed for each subject; ten B-scans were manually delineated for each subject. From the manual segmentation it was determined that the pseudocysts lie within a radius of 0.49 and 2.86 mm from the center of the fovea. This shows that the pseudocysts form an annulus around the fovea that does not cover the entire 6⇥6 mm area of the macula.
A histogram of the size of pseudocysts based on the manual segmentation is shown in Fig. 3 . This graph illustrates that the manual rater was not able to reliably segment pseudocysts < 14 pixels, due to image noise. We therefore removed all pseudocysts found by the algorithm smaller than this threshold. From this manual segmentation data it was also determined that the average pseudocyst size was 50.6 pixels, which corresponds to an area of 1,184 µm 2 .
Size of Manually Delineated Cysts
Cyst A leave-one-out approach was used to validate the performance of the algorithm. This involved creating ten classifiers, each containing nine MME subjects and two HC subjects for testing on the remaining MME subject. Training the classifier took an average of 23 minutes, and the algorithm took an average of 6 minutes to classify a new volume. With true positive (TP) results for this experiment shown in Table 1 , we see that the algorithm had a TP rate of 95.2% against the manual rater. The results of the algorithm on one B-scan are shown in Fig. 4 . Overall, the algorithm has excellent agreement with the manual segmentation, as shown in blue, and has few false positives (FPs), shown in green. The mean number of FPs for each volume containing ten manually segmented B-scans is 16.4 pseudocysts, which equates to 1.6 FPs per B-scan. However, due to the noise of the image it is di cult to discern with certainty what is and is not a pseudocyst. The mean Dice coe cient was found to be 0.79, which is a↵ected by slight disagreements in the pseudocyst border and due to the small size of the pseudocysts. Table 1 : Leave-one-out validation using ten MME subjects and two HCs. A pseudocyst from the algorithm is a connected component of 14 or more pseudocyst-classified pixels.
Pseudocyst Pixels
Pseudocysts Detected
Correctly Segmented
The algorithm was next evaluated on ten new MME (five SS = 9; five SS = 10) and ten new HC (five SS = 9; five SS = 10) subjects using the classifier trained on all ten MME and two HC volumes as previously mentioned. A significant di↵erence was found in the number of pseudocysts between the two cohorts (p-value < 0.005); see Table 2 for more results. As the SS decreases, more pseudocysts are found in the HCs, perhaps due to the increase in intensity inhomogeneity within the volumes.
Longitudinal study
Finally, the algorithm was evaluated on longitudinal data for three subjects: one subject with relapsing-remitting MS (RRMS); one subject with primary-progressive MS (PPMS); and the remaining subject diagnosed with NMO. The subjects have eight, ten, and five visits respectively, and the average time between visits is 8 months. These Table 2 : A comparison of the algorithm performance on HC and MME subjects, each group containing ten subjects. The mean number of pseudocysts detected and the mean size of pseudocysts found are shown, with standard deviations in parenthesis. Each cohort is then further stratified into SS = 9 and SS = 10. subjects were selected as an exploratory longitudinal study because they have three di↵erent diagnoses that are known to be associated with MME, and each has at least four years of longitudinal data. Due to the lack of knowledge about MME dynamics over time, it is crucial to evaluate subject data over the longest period possible to obtain the most information. Fig. 5 shows the volume of pseudocysts found by the algorithm over time. In Fig. 6 , we show the progression of the spatial density of the pseudocysts overlaid on the fundus image at each visit for the RRMS and NMO subjects. The PPMS subject was excluded from this figure due to the overall low density of pseudocysts. Our manual rater reviewed the results of the algorithm and the baseline visit for the PPMS subject (marked with a black triangle in Fig. 5 ) was the only result deemed to be of poor quality. The fundus image and algorithm output from this visit are shown in Fig. 7 (a) along with a sample B-scan with false positive pseudocysts overlaid in Fig. 7(b) ; it is apparent that the algorithm fails due to poor image quality.
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CONCLUSIONS
In this work, an algorithm was created to detect MME within the retina from images acquired with the Zeiss Cirrus OCT machine. The algorithm was validated with a leave-one-out method on ten subjects, and performs well with a TP rate of 95%. The impressive accuracy of the TP rate is partially due to the removal of all pseudocysts less than 14 pixels in size. We evaluated the performance on an additional set of ten MME and ten HC subjects. The results illustrate a significant di↵erence in the number of pseudocysts in the two cohorts, which suggests that the algorithm can distinguish between MME and non-MME subjects. We also analyzed three subjects longitudinally, see Fig. 5 . The RRMS and NMO subjects exhibit increasing and decreasing trends at di↵erent frequencies, while ignoring the baseline of the PPMS subject would suggest a stable MME appearance throughout the time frame of that subject.
This work enables improved quantitative analyses of MME. The longitudinal nature and correlation with the disease process underlying the formation of MME can now be further explored on larger scale data sets. A future improvement could include incorporation of spatial distribution of pseudocysts between B-scans, as pseudocysts are present on adjacent scans.
3 Planned future studies include analysis of longitudinal data to more closely understand MME patterns.
